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Abstract

Thermal Infrared (TIR) data are supplied by instruments on several satellite
platforms including the Advanced Spaceborne Thermal Emission and Reflection
radiometer (ASTER), which was launched on the Terra satellite in 1999. ASTER has five
bands in the TIR and a spatial resolution of 90 m. A mean seasonal, gridded, Land
Surface Temperature and Emissivity (LST&E) database has been produced at 100 m
spatial resolution using all the ASTER scenes acquired for the months of Jan-Mar
(winter) and Jul-Sep (summer) over North America. Version 2.0 of the North American

ASTER Land Surface Database (NAALSED) (http://emissivity.jpl.nasa.gov) has now
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been released and includes two key refinements designed to improve the accuracy of
emissivities over water bodies and account for the effects of fractional vegetation cover.
The water adjustment replaces ASTER emissivity values over inland water bodies with a
measured library emissivity spectrum of distilled water, and then re-calculates the surface
temperatures using a split-window algorithm. The accuracy of ASTER emissivities over
vegetated surfaces is improved by applying a fractional vegetation cover adjustment
(TES_Pv) to the ASTER Temperature Emissivity Separation (TES) calibration curve.
Comparisons of NAALSED emissivity spectra with in-situ data measured over a
grassland in Northern Texas resulted in a combined absolute difference for all five
ASTER bands of 1.0 % for the summer emissivity data, and 0.1% for the winter data - a

33-50 % improvement over the original TES results.

1. INTRODUCTION

The emissivity of an isothermal, homogeneous emitter is defined as the ratio of
the actual emitted radiance to the radiance emitted from a black body at the same
thermodynamic temperature (Norman and Becker 1995). Land Surface Emissivity (LSE)
is an intrinsic property of the Earth’s surface and is independent of the Land Surface
Temperature (LST) which varies with irradiance history and local atmospheric
conditions. The emissivity of most natural Earth surfaces for the wavelength range
covered by the five ASTER TIR bands between 8-12 um (Table 1) is from ~0.65 to close

to 1.0. Narrowband emissivities less than 0.85 are typical for most desert and semi-arid
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areas due to the strong quartz absorption feature (reststrahlen band) between 8-9.5 um
range, whereas the emissivity of vegetation, water and ice cover are generally greater
than 0.95 and spectrally flat in the 8-12 um range.

Land Surface Temperature and Emissivity (LST&E) data are key parameters in
global climate change studies that involve climate modeling, surface-atmosphere
interactions and land surface temperature modeling. In land surface temperature
modeling, knowledge of the surface emissivity is critical for accurately recovering the
LST, a key climate variable in many scientific studies from climatology to hydrology and
modeling the greenhouse effect. By inverting the Planck function and simulating a
radiative transfer method for estimating LST, it can be shown that an emissivity error of
0.005 (0.5%) corresponds to a surface temperature error of ~0.3 K for a material at 300 K
and a wavelength of 11 um. The impact of emissivity errors on LST is larger for split-
window algorithms, and depending on the water vapor content, are on average ~0.7 K for
a band emissivity uncertainty of 0.005 (0.5%) (Galve et al. 2008).

Using the standard ASTER LST&E products (AST_05, AST_08) produced by the
ASTER Temperature Emissivity Separation (TES) algorithm (Gillespie et al. 1998), a
mean, seasonal, gridded ASTER LST&E dataset has been produced using all ASTER
scenes acquired from 2000-2008 for the wintertime (Jan-Mar) and summertime (Jul-Aug)
periods over North America - termed the North American ASTER Land Surface
Emissivity Database (NAALSED) (Hulley and Hook, 2008; Hulley et al., 2008).

Two parameter changes were made to the ASTER TES algorithm on August 1st,

2007, first described in Gustafson et al. (2006). The first parameter change removed a
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threshold classifier which assigned a value of ¢,,;,,= 0.983 when the spectral contrast, or
Minimum-Maximum Difference (MMD) in emissivity was smaller than 0.03 for
graybody surfaces (eg. water, vegetation). This change was made to remove artificial step
discontinuities in emissivity between vegetated and arid areas. The threshold classifier
was initially introduced for graybodies since the MMD for graybody surfaces is
dominated by residual sensor noise or the atmospheric correction and frequently does not
allow the actual emissivity to be accurately recovered (Gillespie et al. 1998). The
consequence of removing the threshold classifier was a smoother appearance for all
images, but at the cost of TES underestimating the emissivity of graybody scenes such as
water by up to 3%, and vegetation by up to 2% (Hulley et al. 2008). The second
parameter change removed the iterative correction for reflected downwelling radiation
which also frequently failed due to inaccurate atmospheric corrections (Gustafson et al.
2006). Using only the first iteration resulted in improved spectral shape and performance
of TES.

We describe two adjustments implemented in NAALSED version 2.0 to
overcome the problems in TES emissivity and temperature retrievals over graybody
surfaces such as water and partially vegetated surfaces. The first adjustment uses a Land-
Water Map (LWM) generated from ASTER visible data to replace the TES emissivity of
water pixels with the measured emissivity of water from the ASTER Spectral Library
(ASL) (Baldridge et al. 2009) and calculating a new temperature for the pixel using a

split-window algorithm (Matsunaga 1996). The second adjustment uses a modified TES
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calibration curve based on fractional vegetation cover to adjust for the effect of mixed

pixels of vegetation and other materials.

2. ASTER

2.1 Instrument Specifications

The Advanced Spaceborne Thermal Emission and Reflection radiometer
(ASTER) was launched on the Terra satellite in 1999. ASTER includes 14 spectral bands
in three instrument subsystems: the visible and near infrared (VNIR), the short-wave
infrared (SWIR), and the thermal infrared (TIR). The TIR subsystem consists of five
spectral bands (bands 10-14), with a spatial resolution of 90 m, and is the focus of this
study. The radiometric accuracy at 300 K is 1K, and radiometric precision is < 0.3 K at
300 K (Fujisada and Ono, 1993). Table 1 gives the spectral range and effective

wavelength for each band in the TIR subsystem.

2.2 Temperature and Emissivity Separation (TES) Algorithm

The ASTER Temperature Emissivity Separation (TES) algorithm is described in
Gillespie et al. (1998) and Gustafson et al. (2006). The Gustafson paper describes some
recent adjustments to the algorithm. TES is applied to the land-leaving TIR radiances that

are estimated by atmospherically correcting the at-sensor radiance on a pixel-by-pixel
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basis using the MODTRAN radiative transfer code (Kneizys et al. 1996). TES uses an
empirical relationship to predict the minimum emissivity (&,,;,) that would be observed
from a given spectral contrast, or Minimum-Maximum Difference (MMD) (Kealy and
Hook 1993; Matsunaga 1994). The empirical relationship is referred to as the “calibration
curve” and is derived from a subset of spectra in the ASL. TES has been shown to
accurately recover temperatures within 1.5 K and emissivities within 0.015 for a wide

range of surfaces (Gillespie et al. 1998).

3. NAALSED v2.0

Using the results from TES, a mean seasonal ASTER LST&E database has been
produced at 100 m spatial resolution referred to as the North American ASTER Land
Surface Emissivity Database (NAALSED). The database can be ordered from

http://emissivity.jpl.nasa.gov and covers the winter months of minimum vegetation cover

(Jan-Mar) and summer months of maximum vegetation cover (Jul-Sep). Hulley at al.
(2008) provide a detailed description of NAALSED (version 1.0) and initial results for
California and Nevada, while Hulley and Hook, (2008) describe a new methodology for
ASTER cloud screening in NAALSED. In the two seasonal datasets the emissivity is
calculated as the average emissivity of all clear-sky pixels for a given location from all
scenes acquired in the season over the entire period of acquisition of ASTER data (2000-

2008).
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NAALSED v2.0 has been validated over barren regions with laboratory
measurements of sand samples collected at nine pseudo-invariant sand dune sites located
in the western/southwestern USA and covering a broad range of surface emissivities in
the TIR. Results show the combined mean emissivity difference between NAALSED and
the nine validation sites for all five ASTER TIR bands is 0.016 (1.6 %), equivalent to ~1
K error in surface temperature for a material at 300 K (Hulley et al. 2009).

An example of the mean summer emissivity for band 12 (9.1 um) for USA and
Mexico is shown in Figure 1. The majority of emissivities range from 0.8 to 0.98, with
the lowest emissivities occurring over the quartz-rich deserts of southeastern California,
the Colorado Plateau, and the Grand Desierto in Mexico. A total of 70,075 ASTER
scenes were processed to produce the emissivity database for the area shown in the
image.

The NAALSED v2.0 product comprises eighteen bands: the mean and standard
deviation of the surface emissivity (all five TIR ASTER bands), surface temperature,
NDVI (calculated from the visible data), a Land-Water Map (LWM) (also calculated
from the visible data), the total yield (number of ASTER observations used for each
pixel), and geodetic latitude and longitude.

Including the surface temperature product in the database enables users to re-
compute the land-leaving radiance, using the mean emissivity and mean surface
temperature as inputs, and then apply a decorrelation stretch (d-stretch) algorithm. The d-
stretch exploits inter-channel differences to enhance the color in images, resulting in an

image where the pixels are distributed among the full range of possible colors, while
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preserving the saturation and intensity of the input image. D-stretch images are used
primarily for geologic and mineral mapping, and resource exploration in which any color
variation is due to emissivity differences and any brightness variation is due to
temperature differences (Massironi et al. 2008; Rockwell and Hofstra 2008; Vaughan et
al. 2005). The principle drawback when using d-stretches is that the algorithm will
enhance any noise and processing artifacts in the input image resulting in scene variation
being dominated by noise. However, the advantage of using the NAALSED mean
emissivity and surface temperature products is they have far less noise than the standard
ASTER products due to pixel averaging, resulting in d-stretch images that have much less
noise and are easier to interpret. Figure 2 shows four examples of NAALSED d-stretch
images using ASTER bands 14, 12, and 10 as red, green and blue (RGB) respectively
over the Colorado Plateau, Colorado; Death Valley, California; Organ Pipe Cactus
National Park, Mexico; and Cuprite, Nevada. Quartz-rich rocks are displayed in red and
magenta, quartz-poor rocks in blues and purples, and carbonates in green. Temperature
information is related to the brightness of the images, ie. areas of higher elevation appear

darker than lower elevation areas.

3.1 Water Adjustment

The performance of TES over water was analyzed by looking at all fifty-five

ASTER observations acquired over Lake Tahoe, California from 2000-2008. The ASTER

mean and temporal variation in emissivity for a pixel centered on the lake (39.15° N, -
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120° W) were for band 10 (8.3 pm): 0.965 + 0.008, band 11 (8.6 pum): 0.962 £ 0.008,
band 12 (9.1 um): 0.958 + 0.009, band 13 (10.6 um): 0.974 £ 0.004, and band 14 (11.3
pm): 0.973 = 0.003. These means are plotted in Figure 3 along with the emissivity of

distilled water from the ASL (http://speclib.jpl.nasa.qgov). The results show that TES

underestimates the emissivity of water by up to 2.67% in band 12, with mean differences
of 2% for all bands, and standard deviations of almost 1% for bands 10-12. These
differences are a consequence of the first parameter change to TES as discussed earlier
and detailed in Gustafson et al. (2006). Tonooka and Palluconi (2005) showed that an
increase in Precipitable Water Vapor (PWV) resulted in larger residual errors in the
atmospherically corrected data, which in turn resulted in a larger variance of MMD. It
was found that for an atmosphere with a PWV of 3 cm, the residual error resulted in a
MMD of 0.049, and a surface temperature error of 2.3 °C. It should be noted that early
ASTER data also included a residual radiometric calibration error which has now been
corrected (Hook et al. 2007; Tonooka et al. 2005).

In order to avoid the unrealistically low emissivity values over water, we used a
high resolution LWM derived from ASTER visible data to distinguish between land and
water pixels, and then set the emissivity for water pixels to that of distilled water from the
ASL. Figure 4 shows the emissivity comparison between TES and the ASL value for
distilled water for band 12 (9.1 pum) over Lake Tahoe and surrounding lakes. All land
surface pixels are screened out using the LWM. The LWM is computed using a
modification of the Normalized Difference Vegetation Index (NDVI), which takes

advantage of water having lower reflectance in the near-infrared (ASTER band 3) than in
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the visible red (ASTER band 2). However, to increase sensitivity in distinguishing

between water and land pixels, we replace the red band with the ASTER green band

(band 1). The ASTER NDVI for water is then computed as follows:

r3—n
3+ 1

NDVI =

1)

where, 13 and r; are Top Of Atmosphere (TOA) reflectances (Markham and Barker 1986)
for ASTER bands 1 and 3 centered on 0.56 and 0.82 um. The LWM is then computed
using a combination of NDVI and r5 tests. Suitable thresholds were found by computing
NDVI and r5 for a range of values between 0 to 0.1 in increments of 0.005 and
combining the results to produce a range of LWM's over Lake Tahoe, Salton Sea, Great
Salt Lake and various other smaller reservoirs. As there is currently no water mask at
higher resolution than NAALSED (100m) to make comparisons with, we found that
generating Google Earth kml files of the LWM's and overlaying the results in Google
Earth was a quick and easy way to assess the results of the NAALSED LWM. Through a
visual assessment, values of NDVI < 0.05 and r; < 0.04 were found to be optimal for
discriminating between land and water pixels, independent of the elevation of the water
body. In the future, validation with ASTER 90 m reflectance data will be made, and user
feedback will be combined to investigate possible problem areas.

Additional comparisons were made with a new 250 m Global Land/Water Mask
created at the University of Maryland (UMD) (Carroll et al. 2009). Comparisons between

the NAALSED generated LWM and UMD LWM are shown in Figure 5 for an area

10
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selected around Lake Tahoe, California/Nevada. Both LWM's show very good agreement
with each other, although the NAALSED LWM shows more detail in certain areas, while
the UMD LWM has a larger number of water pixels on the edges of water bodies due to
the lower spatial resolution.

Once the water pixels are identified, their emissivities are set to that of distilled
water from the ASL and a differential absorption (split-window) algorithm is used to
compute the water surface temperature. Temperatures are computed using the ASTER
Multi-Channel Sea-Surface Temperature (MCSST) equation which is based on a linear
regression analysis for ASTER TIR data, with an RMSE of 0.74 K (Matsunaga 1996).
The regression equations and coefficients are optimized by using simulated data derived
from a global-based simulation model (Tonooka 2005). The model is generated by using
atmospheric profiles derived from the National Center for Environmental Prediction
(NCEP) Climate Data Assimilation System (GDAS) for a wide range of different

conditions, and combined with MODTRAN 4.2 to derive the at-sensor radiance.

3.2 Vegetation Adjustment

Previous studies (Coll et al. 2007; Jiménez-Mufioz et al. 2006) noted an

inaccuracy in the ASTER emissivities over vegetation and they were able to improve the

accuracy using ASTER scenes over a small number of test sites. Jiménez-Mufioz et al.

(2006) proposed a method for improving ASTER emissivities over agricultural regions

11
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using ASTER NDVI, and Coll et al. (2007) used scene-based adjusted radiances with
local radiosonde data to obtain more accurate MMD estimates from TES.

The emissivity for most types of green vegetation is high and spectrally flat (low
MMD), although grasses tend to have larger MMD's (Salisbury and Daria 1992). We
have developed an alternate approach to adjusting the emissivity over vegetated surfaces
by computing a new ¢,,,;,, vs MMD regression curve by smoothly varying the emissivity
spectra of 59 rock and soil samples from zero to full vegetation cover using a simplified
equation for predicting emissivity from NDVI values (Sobrino and Raissouni 2000; Valor

and Caselles 1996):

ey =¢f P +e5 (1—P) ¥

where ¢, and ¢; are emissivity values for vegetation and bare soil for ASTER band b,
and P, is the fractional vegetation cover. The dataset used consists of spectra from the
nine sand dune samples discussed in Hulley et al. (2009), along with 49 soil spectra from
the ASL classified in terms of soil taxonomy as Aridisol (14 samples), Alfisol (9
samples), Entisol (10 samples), Inceptisol (7 samples) and Mollisol (9 samples). For each
of the 59 samples, we compute a full amplitude range in emissivity from a bare to fully
vegetated surface by varying the P, from 0 to 100% in steps of 5% and using the conifer
vegetation spectra in the ASL for €. The conifer spectra measurement was made at
Johns Hopkins University (JHU) and reduced in reflectance by a factor of two to account

for canopy scattering effects. Norman et al. (1995) found that the emissivity of canopies

12
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normally varies from 0.97 to 0.99, for a leaf emissivity measurement of 0.95. Therefore,
the conifer spectra, which has an &,,;,, of 0.989 and MMD of 0.003, gives a good
approximation for the effective emissivity of a tree canopy. The spectra were convolved
to the ASTER spectral response functions and &,,,;,, was found for each sample. The
spectra and corresponding MMD were then calculated for a range of B, values, and the
Emin data were regressed to the MMD values as in Gillespie et al. (1998). The resulting

regression curve, termed TES_Pv, is expressed as follows:

Emin = 0.9951 — 0.7264 - MMD®7873 (3)

Figure 6 shows the TES_Pv compared to that of the current TES curve. The right panel
shows a subset of the data for &,,;, values greater than 0.9. From Figure 6, we can see
that TES_Pv will result in larger ¢,,;,, values of up to 1% for a given MMD and ¢,,;,,
values greater than 0.7. The strategy used for incorporating TES_Pv with the TES result
is to engage TES_Pv for surfaces with &,,;,, values above 0.949, the highest value of all
sand/soil samples in the dataset. All &,,;,, values greater than this are identified as being
in the 'vegetation regime’, and a new ¢,,;,, value is computed using (3), which in turn is
used to compute an adjusted emissivity spectrum.

In order to evaluate TES_Pv, differences with TES were calculated over an area
covering three different vegetation types; croplands in the Central Valley, which
transition to savanna grasslands further east, and redwood forests in Sequoia National

Park. Figure 7 shows spatial variations in emissivity over the Central VValley area using

13
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ASTER mean summer emissivities extracted from NAALSED. The contrast in emissivity
was first enhanced using histogram-equalization and then plotted using emissivity bands
10, 12 and 14 as red, green and blue respectively. Areas of dense forest canopies over
Sequoia and Kings Canyon National Park and croplands in the southwest of the image
show up as white and light blue in color, whereas grasses and shrubs show up as green
and yellow. Low emissivity values in bands 10-12 over bare areas of the Sierras to the
east and the city of Fresno in the west appear as dark shades of purple and black.

Figure 8 shows comparisons between the emissivity in bands 12 (left panels) and
14 (right panels) from the original TES and TES_Pv. The corresponding histogram of the
emissivities from the two methods in Figure 9 shows that TES_Pv smoothly increases the
emissivity from bare to vegetated areas, with no apparent step discontinuities. The
emissivity differences in the bottom panels of Figure 8 range from 0 to 1% in emissivity
and Figure 10 shows a histogram of the range in differences for all pixels in the plot.
Above zero, the skewness is negative, centered around 0.4%, with maximum differences

of between 0.9 and 1% in emissivity.

4. VEGETATION VALIDATION

Emissivity validation using single leaf reflectance measurements from spectral

libraries such as ASL is difficult from the remote sensing point of view because a sensor

such as ASTER (90 m spatial resolution) will observe much higher emissivities due to

canopy scattering effects (Palluconi et al. 1990). As mentioned earlier, Norman et al.

14
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(1995) found that the emissivity of canopies normally varies from 0.97 to 0.99, for a leaf
emissivity measurement of 0.95.

As a result, we have assessed the NAALSED emissivity spectra over vegetation
by comparing the results with in-situ field measurements obtained by using a sun-shadow
method over a grassland area (>80% cover) in Dallam County Texas in April 2005 (Wan
2008). The surface radiance was measured with a thermal infrared interferometric
spectroradiometer, while the downward sky irradiance was measured with a sand-blasted
aluminum plate above the surface target. Details of the field measurement setup are given
in Wan, (2008). NAALSED summer and wintertime emissivities were extracted for a 10
%10 pixel (1 kmx1km) area around the measurement site.

Figure 11 shows the emissivity spectra comparisons between NAALSED
TES_Pv, the original TES, and in-situ data convolved to the appropriate ASTER spectral
response functions for summer and winter data. The in-situ emissivity spectra is high
(~0.98) and spectrally flat as expected. The NAALSED winter product had one ASTER
observation in the Jan-Mar period 2000-2008, while the summer data had four
observations in the Jul-Sep period from 2000-2008. Results in Table 2 show the mean
differences for all five ASTER TIR bands (bias) and the combined spatial and temporal
variation (o) for the ASTER observations mentioned above. The TES Pv summertime
results had a 33% improvement over TES with biases of -1.0% (TES_Pv) and -1.5 %
(TES) while the wintertime differences matched very closely for both methods with
biases of -0.2 % for TES and 0.1 % for TES_Pv. The NAALSED spectra have improved

spectral shape (flatter) and absolute magnitude (higher) during the winter period when

15
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compared to the in-situ data. This can be explained by the larger MODO8 Precipitable
Water Vapor (PWV) during the summer (2.37 + 0.7 cm) when compared to winter (0.35
cm) which results larger apparent MMD values in TES (higher spectral contrast) due to
errors in the standard atmospheric correction (Tonooka 2005). The mean NDVI over the
grassland showed some seasonal variability with higher summertime values (0.29) than
wintertime (0.17). We do not expect the NDVI to be well correlated with ASTER
emissivity over the grassland due to the multiple scattering effects of persistent plant
matter regardless of chlorophyll content (French et al. 2008; Palluconi et al. 1990). The
combined standard deviation in emissivity (o) for both seasons were similar and less than
1%, with the spatial standard deviation on the 1010 km area accounting for most of the

variation.

5. CONCLUSIONS

The North American ASTER Land Surface Emissivity Database (NAALSED)
version 2.0 consists of a mean, seasonal, gridded ASTER Land Surface Temperature and
Emissivity (LSTE&E) product using all ASTER data acquired from 2000 to 2008.
Version 2.0 of NAALSED includes two enhancements to improve the accuracy of the
Temperature Emissivity Separation algorithm (TES) retrieved emissivities over graybody
surfaces: 1) a water adjustment and 2) the compensation for partially vegetated surfaces.

The two enhancements over graybody surfaces were made to compensate for the removal

16
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of a threshold classifier in TES, and account for propagation of atmospheric errors which
results in TES underestimating the emissivity over water and vegetation from 1-3%.

The water adjustment uses an ASTER produced Land-Water Map (LWM) to
replace the emissivity of all water pixels in NAALSED with that of the emissivity of
distilled water from the ASTER Spectral Library (ASL). This adjustment will account for
the ~2% bias in TES retrieved emissivities over water bodies. A new surface temperature
is calculated using a split-window technique over water bodies which is reported in
NAALSED. The second enhancement used a new calibration curve based on fractional
vegetation cover change to estimate the emissivity over partially vegetated surfaces.
Applying the new TES_Pv curve to the TES standard emissivity product over Central
Valley in California resulted in higher emissivities by on average 0.5%, and up to 1.0%
with no change in spectral shape or discontinuities in transition zones from vegetated to
bare areas.

An assessment of the two methods over vegetation was made by comparing
NAALSED emissivity spectra with in-situ data over a grassland in Northern Texas.
Results show mean differences of -1.5% (TES) and -1.0 % (TES_Pv) during summer
observations and 0.2% (TES) and -0.1% (TES_Pv) during winter observations. The
improved winter results were a result of a much drier atmosphere which minimizes
atmospheric correction errors in the TES algorithm.

NAALSED is the first high resolution (100 m), validated LSTE&E database of
its kind, and should prove very valuable to the broad scientific community. Specifically,

it can be used as a baseline for validating other LST&E products from sensors with much
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coarser spatial resolution such as the Moderate Resolution Imaging Spectroradiometer
(MODIS; 5 km), the Atmospheric Infrared Sounder (AIRS; 45 km) and future
instruments such as the Visible/Infrared Imager Radiometer Suite (VIIRS; MODIS
follow-on) and the Cross-track Infrared Sounder (CrlS; AIRS follow-on) on the NPOESS
Preparatory Project (NPP). Until now, validation of coarse resolution data has been
difficult due to a lack of higher spatial resolution validated data. NAALSED provides
both an emissivity mean and standard deviation for a specific location, which can be used
as an a priori emissivity estimate and an acceptable error-bound in climate model inputs

and atmospheric retrieval schemes from other sensors.
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Table 1. ASTER effective wavelength (A, ;) and spectral range (A}) for bands 10-14.

ASTER Band  A.rp(um) A (um)
10 8.3 8.125 - 8.475
11 8.65 8.475 - 8.825
12 9.1 8.925 - 9.275
13 10.6 10.25 - 10.95
14 11.3 10.95 - 11.65
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Table 2. Seasonal emissivity differences between NAALSED TES_Pv, TES, and in-situ

data from a grassland in Northern Texas, and differences between TES and the ASL

spectra of distilled water. The bias gives the mean differences for all five ASTER TIR

bands (Table 1), and 6 gives the mean combined spatial and temporal variation of the

ASTER data for a 1010 pixel (1 kmx1km) area over the validation site. The mean

NDVI (from NAALSED) and MODIS (MODO8) Total Precipitable Water Vapor (PWV)

estimates are also shown as reference.

Surface Season Method NDVI PWV (cm) Bias (%) o(%)
Grassland  Summer  TES 0.29 2.37+0.7 -1.45 0.7
TES _Pv 0.29 2.37+0.7 -1.04 0.7
Winter TES 0.17 0.35 -0.19 0.9
TES_Pv 0.17 0.35 0.05 0.9
Water Annual TES n/a n/a -2.01 0.6
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Figure 1. NAALSED mean Summer (Jul-Sep) emissivity for band 12 (9.1 pum) using 70,
075 ASTER scenes acquired from 2000-2008. White areas over land had no clear sky

coverage and plan to be filled during the 2009 Summer acquisition period.
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Figure 2. NAALSED decorrelation stretch images using ASTER bands 14, 12, and 10
displayed as red, green and blue respectively over the Colorado Plateau, Colorado; Death
Valley, California; Organ Pipe Cactus National Park, Mexico; and Cuprite, Nevada.
Quartz rich rocks are displayed in red and magenta, quartz-poor rocks in blues and

purples, and carbonates in green.
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Figure 3. Comparisons of emissivity spectra between the ASTER spectral library for
water, and ASTER data for all clear-sky scenes acquired over Lake Tahoe from 2000-
2008. Error bars show the mean and standard deviation in emissivity for all ASTER

observations.
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Figure 4. Emissivity comparisons between (a) TES and (b) the emissivity of distilled
water from the ASTER spectral library for band 12 (9.1 um) over Lake Tahoe and
surrounding lakes. All land surface pixels have been set to white space using the Land-

Water Map (LWM) from NAALSED.
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Figure 5. Land-Water Map (LWM) comparisons between the new UMD 250 m LWM
(left) and the NAALSED 100 m LWM (right) with Lake Tahoe, California/Nevada at

center. White pixels represents water, and black represents land.
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Figure 6. Empirical relationship between &,,;, and MMD for the current TES curve
(blue) and TES_Pv (green) for 59 soil and sand spectra from the ASTER spectral library.

The right panel shows a subset of results for emissivities greater than 0.9.
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Figure 7. NAALSED emissivity image of the Central Valley in California with Fresno to
the west and Sequoia National Park to the east over the Sierra Nevadas. The image was
computed using histogram-equalization and plotting ASTER emissivity in bands 10, 12
and 14 as red, green and blue respectively. Bare surfaces with high spectral contrast
appear purple to black (Sierra Nevadas), grasslands appear green and yellow (Savannah
region), and dense vegetation canopies (redwood forests and cropfields) appear white and

light blue in color.
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Figure 8. Comparisons between TES and TES_Pv emissivity results for band 12 (left
panels) and 14 (right panels) for the area in Figure 2. The two bottom panels show the

emissivity differences ranging from 0 to 1% in bands 12 and 14.
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Figure 9. Histogram showing the emissivity variation above 0.92 for TES (top panel) and

TES_Pv (bottom panel) using 2 million ASTER pixels from Figure 2.
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Figure 10. Histogram of the emissivity difference between TES and TES_Pv using 2

million ASTER pixels from Figure 2.
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Figure 11. Emissivity spectra of the new TES_Pv, original TES, and sun-shadow method
over a grassland in Dallam County, Texas for (a) Summer and (b) Winter NAALSED
observations. The sun-shadow field measurements were convolved to the appropriate

ASTER spectral response functions.

36



